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Technology. The % Error of Specific Bases (%ESB) was higher for native RNA than for 24 cDNA, which enabled detection of ribonucleotide modification sites. Based on %ESB 25 differences of the two templates, a bioinformatic tool ELIGOS was developed and applied to 26 rRNAs of E. coli, yeast and human cells. ELIGOS captured 91%, 95%, ~75%, respectively, 27 of the known variety of RNA methylation sites in these rRNAs. Yeast transcriptomes from 28 different growth conditions were also compared, which identified an association between 29 metabolic adaptation and inferred RNA modifications. ELIGOS was further applied to human 30 transcriptome datasets, which identified the well-known DRACH motif containing N6-31 methyadenine being located close to 3'-untranslated regions of mRNA. Moreover, the RNA 32 G-quadruplex motif was uncovered by ELIGOS. In summary, we have developed an 33 experimental method coupled with bioinformatic software to uncover native RNA 34 modifications and secondary-structures within transcripts. 35 36 37
MAIN TEXT 38
The transcriptome is the collection of all RNA molecules present in a given cell that can be 39 determined by high-throughput techniques, such as microarray analysis or RNA sequencing 40 (RNA-seq) methods 1 . RNA-seq using next-generation sequencing (NGS) techniques has 41 been replacing microarray analysis, since the former is able to detect novel or unknown 42 transcripts. Further, NGS enables transcriptome analysis with a higher dynamic range of 43 expression levels than for microarrays 2 . With improved sample preparation methods and 44 reduced sequencing costs, RNA-seq by NGS has become the method of choice to study 45
transcriptomes. 46
The length of sequence reads generated with most NGS platforms range from 35 nt up 47 to about 500 nt, so that single reads rarely cover a complete transcript. Accurate alignment 48
and assembly of such short sequences depends on availability of a reference genome, and the 49 identification of spliced isoforms or gene-fusion transcripts remains a challenge 3 . Further, 50 methods depending on reverse transcription (RT) of RNA and amplification may introduce 51 biases and artifacts 4 . These shortcomings can be overcome by directly sequencing native 52 RNA molecules using technologies such as the Oxford Nanopore Technologies (ONT) 53 platform. Direct RNA sequencing without amplification (dRNA-seq) is able to generate long 54 reads, typically covering the full length of a transcript 5 . The method can accurately quantify 55 transcripts in order to analyze differential gene expression with a dynamic range comparable 56 to traditional RNA-seq derived from short read sequencing, while it enables accurate 57 identification of the structure and boundaries of transcripts including spliced products 6 . 58
An additional advantage of dRNA-seq is the detection of transcriptional modifications 59 inferred from the current signal as the RNA molecule passes a nanopore: modified RNA 60 molecules cause a characteristic current blockade, enabling simultaneous detection of diverse 61 modifications such as 5-methylcytosine (m5C) or 6-methyladenine (m6A) 5, 7, 8 . Presently, 62 over 170 different types of RNA modifications have been described within the prokaryote and 63 eukaryote kingdoms, which are collected in various databases 9, 10, 11 . High throughput 64 sequencing coupled with methods to specifically enrich RNA modification products create the 65 possibility to study the epigenetics of RNA and describe the 'epitranscriptome', a term 66 introduced in 2012 12 . However, these methods are labor intensive and may introduce 67 experimental artifacts or biased results, and they suffer from a relatively high false positive 68 rate 13 . Moreover, the transcriptome-wide approach nowadays can only identify only a dozen 69 from 170 known different types of RNA modifications because limitation of available 70 specific antibodies or chemical treatmnets 14 . Alternatively, using the traditional approach of 71 LC-MS/MS can identify several types of modification however, the approach has limitations 72 to identify the transcript that contains modifications and their position of modifications 14 . 73
ONT sequencing also has certain disadvantages, the main one being a relatively high 74 error rate. Translation of the obtained electrical current signals into specific bases relies on 75 either trained hidden Markov or neural network models 15 Figure 1A) . We interpret this to mean that below 25% ESB the 119 error rate was mostly due to random noise, but the increased %ESB of dRNA above that cut-120 off might reflect a biological signal, possibly (but not exclusively) related to presence of 121 modified bases that can be used to distinguish true signal from background noise. Figure 1B ). This has a direct impact on the accuracy of base calling. Note, that base 132 calling is typically performed on a window of 5-mers, so that any effect due to presence of a 133 modified base can affect the signal of bases in its direct vicinity. 134
The positions for which %ESB exceeded the cutoff of 25% were recorded for the 135 complete dRNA O template, as well as for the templates dRNA U and dcDNA O ( Figure 1C To this extent we developed a bioinformatics software tool, ELIGOS, that determines 149 differential %ESB positions between dRNA and a reference sequence (either cDNA or non-150 modified RNA of the same sequence). We used a cut-off for an odds ratio of ≥2 and adjusted 151 p-values <1e -50 to identify differential %ESB positions. The optimal %ESB cutoff was 152 determined as 25% based on a loss-gain analysis using a 20-30% range, as shown in Figure  153 
S2. 154
Since the presence of a methylated base can influence the differential %ESB of adjacent 155 positions, flanking bases should also be considered (as exemplified in Figure 1B where thesignal of bases in the vicinity of 5moU was sometimes altered). Thus, we first recorded all 157 positions for which the %ESB between the dRNA O signal and the reference signals differed. 158
These positions were then extended to the flanking bases positioned directly 5' and 3' to 159 produce triplet loci. These triplets were individually assessed, unless two recorded triplets 160 overlapped or were direct neighbors, in which case their locus was extended, as shown in the 161 example of Figure 1D . 162 A total of 346 and 347 loci with differential %ESB were identified in the luciferase 163 transcript using dcDNA O and dRNA U as the reference, respectively. These loci overlapped in 164 318 cases. Since for the in vitro transcripts the exact positions of all methylated bases were 165 known (i.e., all uridine was 5moU), their positions were compared to the identified loci to 166 assess how well these matched with presence of methylated bases ( Figure 1E ). We found that 167 78 identified loci contained at least one 5moU (in total these covered 146 5moU bases Table S1 ), confirming that using dRNA U as the reference for differential %ESB position 197 determination is a valid approach, while after subtraction of systematic errors from signals 198 truly due to base modification, dcDNA sequences can be used as a reference. ). However, 248 additional loci were identified by ELIGOS that have not previously been 216 described to undergo modification ( Figure 2B ). We checked for presence of the five triplets 217 that were likely to produce artifactual results (cf. Figure 1F ) and found that these represented 218 172 loci (54%). Interestingly, 35 of these have been previously documented as being 219 methylated ( Figure 2C ). Thus, removal of these from the ELIGOS predictions would omit a 220 number of experimentally verified modified base locations. 221
The data obtained with rRNA from E. coli were also compared to experimental 222 documentation of E. coli rRNA base methylation 18 . Of the 36 described methylated 223 nucleosides described for the three bacterial rRNA molecules combined, our approachdetected 33 (92%) with p-value of 1.3e -28 divided over 21 loci ( Figure 2B ). However, our data 225 suggest that far more positions might contain modified bases. A total of 102 loci (42%) were 226 due to the five triplets for which true and false signal could not be differentiated; 9 of these 227 had been previously identified in the literature as being modified ( Figure 1C ). There were 3 228 previously described methylation sites that produced %ESB values lower than the cut-off 229 threshold, or remained undetected due to presence of homopolymeric sequences (see 230
Supplementary Figure S1 ). 231
The characterization of enzymes responsible for rRNA methylation in human cells is 232 currently still incomplete 19 . We compared our data with the Ribo-Methyl-seq data collected 233 by Erales and RiboMethyl-seq were captured in our predictions. In a second analysis we compared our data 237 to 3-dimensional human ribosome structural data derived from cryo-electron microscopy 238 which can be employed to locate putative rRNA methylation sites with high confidence were not captured in the data by Natchair et al. 21 , and for 55 positions the opposite applied. 242
For only 31 loci did ELIGOS predictions overlap with both published datasets ( Figure 2B ). 243
For 164 predicted loci the results were inconclusive as they represented the five triplets for 244 which no reliable data could be obtained ( Figure 2C) . 245 In summary, we were able to capture many of the known base modifications in rRNAs 246 in yeast, E. coli, and human cells, as well as predict putative novel modified bases in rRNA. 247
These results show that the method can detect a variety of potentially different modified bases 248 simultaneously in native RNA. 3A) was higher for dcDNA than for dRNA, due to the different motor proteins that control the 257 rate of molecules passing through the nanopores (450 bases per second (b/s) for DNA and 80b/s for RNA sequencing). The average % identities of both dcDNA and dRNA reads were 259 comparable, around 88% (violin plot, Figure 3A) . The base-calling step using Albacore 260 software automatically classifies reads to fail or pass a specific cut-off. As seen in Figure 3B , 261 on average 85% of the total dRNA reads but only 50% of dcDNA reads passed the default 262 threshold of 7. The length of all reads combined (passed plus failed) indicated that the dcDNA 263 reads were slightly longer than the obtained dRNA reads ( Figure 3C) . 264
To explain the surprisingly high fraction of failed reads obtained with dcDNA, we re-265 evaluated the quality of total reads (passed plus failed) by aligning both dcDNA and dRNA 266 reads onto a reference genome. As presented in Figure 3D , between 61% and 67% of the 267 dcDNA reads could be mapped, while between 80 and 86% of the dRNA reads mapped to the 268 reference genome. Of note was the relatively high fraction of chimeras in dcDNA (between 269 15 and 20%), while the fraction of unmapped reads (approximately 15%) did not significantly 270 differ (p-value >0.05) between dcDNA and dRNA sequences. Further, the read quality score 271 distribution of total reads differed between dcDNA and dRNA reads ( Figure 3E ), with higher 272 scores for obtained for dRNA reads. Therefore, for the dRNA reads the recommended default 273 of 7 was applied, while for dcDNA reads a less strict boundary quality score of 5 was deemed 274 more suitable as transcript reads have a relatively shorter length than genomic DNA reads. 275 This is in agreement with previous observations that shorter reads generated by ONT tend to 276 produce lower quality scores 22 . When the read length distribution was compared after 277 removal of chimeric sequences from the dcDNA reads, this resulted in a comparable read 278 length distribution for both sequencing strategies ( Figure 3F ). 279
The read counts of individual transcripts derived from the two different templates (DNA 280 and RNA) were compared by scatter plot and a correlation matrix was constructed (Figure 281 Comparing the four bases, the highest fraction of differential %ESB positions in all four 306 datasets combined captured by ELIGOS was for cytidine, comprising 40% of the total 307 differential %ESB positions on average (see Supplementary Table S2 ). We evaluated 308 enrichment of motifs surrounding the differential %ESB positions and found four motifs that 309
were consistently overrepresented in all four datasets, as illustrated in Figure 5A . The 310 overrepresentation was strongest for motif UCU (with the underlined C being the identified 311 base). The motif ucUCC (with variants UCCUC and CUCC for yeast strain DBY746 and 312 human RNA, respectively) was overrepresented for positions containing uridine, and CAC 313 (UCAC in human RNA) and CAUG (with variants uAuGG and CAuGG) for those containing 314 adenine. Of note is that these motifs all contained the five over-represented triplets that had 315 been identified as producing unreliable findings by the IVT luciferase analysis. 316
The identified differential %ESB positions were cleaned for the four motifs for which 317 artifactual and real signals could not be distinguished, resulting in a ~57% reduction (see 318
Supplementary Table S2) Figure S4 illustrates the overlap between 341 these datasets in a violin jitter plot and an Upset plot and more details of individual gene is 342 provided in Table S4 ). Some of the hypermodified transcripts were extremely abundant 343 during growth on ethanol, e.g., carnitine acetyltransferase (YAT1, with >5600 reads) and the 344 chromosomal gene for Hexose Transporter Induced by Decreased Growth (HXT5, >3600 345 reads), but the transcript of the Shmoo tip protein (HBT1) was much less abundant (~250 346 reads), while these three transcripts all contained 65 modification sites. 347
A correlation between base modification levels and transcript abundance was obvious, 348 however, when zooming in at specific pathways. This is exemplified by the central metabolic 349 pathway shown in Figure 5C . We mapped relevant transcripts and their number of inferred 350 RNA modification loci to simultaneously assess the effect of transcriptional and 351 posttranscriptional regulation during metabolic reprogramming required for the diauxic shift. 352
The presented global overview shows the well-known adaptations 23 of yeast cells as they 353 switch from glucose to ethanol, by changing gene expression of a number of key enzymes. In 354 addition to transcriptional regulation, we found many transcripts that had undergone changes 355 in base modifications under these conditions. Examples are genes under regulation to switch 356 from glycolysis to ethanol utilization (ADH2 and ACS1), key genes regulating the TCA cycle 357 activity (CIT1, ACO1 and SDH1,2), the glyoxylate shunt (ICL and MLS1) and the key 358 enzyme in gluconeogenesis (PCK1). On the other hand, the enzymes involve in glycogen-359 trehalose homeostasis were transcriptionally regulated while hypo-modified (e.g., NTH1,TPS1,2, GLC3, PGM2) or not modified (e.g., ATH1, TSL1, GPH1, GDB1 Lastly, we analyzed the transcriptome of the human cell line and examined the two most 368 abundant motifs surrounding the modification sites captured by ELIGOS, shown in Figure 6 . 369 (The most abundant identified motifs of all four datasets is shown in Supplementary Figure S5. ) 370
Interestingly, the two most abundant motifs in the human dataset both have known biological 371 relevance ( Figure 6A including neural development in humans 28 . The motif in Figure 6A represents the most 376 abundant base methylation site identified to date, and is the best studied case of 6mA RNA 377 methylation in eukaryotes. We identified this as the most abundant adenine motif with of e-378 value of 5.1e-224 and 14 % occurrence, corresponding to 965 transcripts (see Supplementary 379 Table S4 for details on numbers of loci/motifs in each transcript). For these 965 transcripts, 380
we analyzed the positions of the identified DRACH motifs along each transcript and 381 compared this to the sequencing depth of dRNA-seq over the location of the transcripts; the 382 data are presented in a standardized coordinate plot in the lower part of Figure 6A . This 383 identified a clear preference for the DRACH motif to be present at the gene-bordering flank 384 of the 3' untranslated region (UTR), which agrees with previous studies 24, 29, 30, 31 . The second 385 motif ( Figure 6B ) represents the most abundant guanine motif with e-value 6.1e-89 and 41% 386 occurrence, corresponding to 1250 transcripts (see Supplementary Table S4 for details). This 387 motif GGAGG was identified to form 32 . By plotting the 388 standardized coordinates of the location of this rG4s motif and comparing it to the sequencing 389 depth of dRNA-seq ( Figure 6B , lower panel), we found an even distribution of the motif with 390 a small bias for the gene-bordering flank of the 3' untranslated region (UTR). 391
Presence of both the DRACH and rG4s motifs in a single transcript may imply complex 392 post-transcriptional regulation. To give an example, the transcript of RNA binding protein 393 hnRNP A2/B1 (which promotes primary microRNA processing, is involved in splicingregulation and potentially serves as a m6A reader 33 ), can itself undergo alternative splicing to 395 produce two experimentally confirmed isoforms and another rare isoform associated with 396 presence or absence of exons 1, 7 and 8 34 . In the transcripts of this gene we identified 2 397 DRACH and 4 rG4 motifs containing modified bases, including one of each in exon 7 and a 398 DRACH motif in exon 8 ( Figure 6C) . Interestingly, ELIGOS identified other %ESB loci 399
where DRACH motifs were absent that have been described as containing m6A, detected in 400 A second example of a transcript containing both DRACH and rG4s motifs is hnRNP 417 A0, heterogeneous nuclear ribonucleoprotein A0 that contains six and one of these, 418 respectively ( Figure 6D ). ELIGOS predictions highly agreed with all experimental miCLIP 419 data, even at single nucleotide resolution (see Supplementary Figure S6 sequencing errors when DNA is sequenced, however ~1% of the total errors typically need to 431 be further polished by short reads 38 . Sequencing of native RNA results in more errors, as we 432 found higher %ESB scores for this template ( Figure 1A) . We demonstrated that this is a 433 combined effect of ribonucleoside modifications as well as presence of secondary structures. 434
The ONT technology is still in its infancy and especially base calling software for RNA is not 435 as well developed yet as for DNA; for example, the RNN model used for RNA has only been 436 updated once so far, while the DNA model is more advanced 15 . Our observations that five 437 particular triplets are overrepresented in high %ESB scores ( Figure 1F Systemic analysis of transcriptional and epitranscriptional regulations would provide a 478 better understanding of cellular adaptions. We applied our method here to either rRNA or 479 poly-A RNA transcripts. It has previously been reported that in a given cell population, even 480 rRNA methylation patterns can be heterogeneous 42 whose nature may depend on dynamic 481
processes taking place at a cellular level, and on the stage and cell type that can be used as a 482 marker for cancer 42 . We have further demonstrated ( Figure 5 ) that metabolic reprogramming 483 of the central metabolic pathways of yeast during the diauxic shift from glycolysis and 484 alcoholic fermentation to aerobic respiration and gluconeogenesis relied on regulation of both 485 transcript abundance and base modifications. To our knowledge this has not been previously 486 reported in the literature. This kind of regulation coupling was also found in RNA undergoing 487 methylation-mediated pathways in cancer cells, so that our method now opens a new strategy 488 to study carcinogenesis 43 . 489
The limitations of our method is that for a number of sequence triplets, false-positive 490 signal could not be distinguished from real signals. Moreover, the method identifies the 491 location of putative modification sites but not its nature, whose identity would need further 492 investigations. Besides, the input data for our method depend on the results obtained from 493 base calling and long read aligner software as a prerequisite, therefore the accuracy of these 494 steps will influence the final result. Lastly, it is possible that the method is over-reporting the 495 number of predicted modified bases due to the noisy nature of ONT output. Nevertheless, this 496 systematic sequence approach to determine the epitranscriptome of a cell can be used to direct 497 an experimental work flow, especially since expression levels can simultaneously be 498 considered. 499
In conclusion, this study provides a concrete foundation to study native RNA sequences 500 that carry important information on RNA modifications, secondary structures and possible 501 other features responsible for sequence errors. Detailed investigations to dissect the complex 502 properties of RNA from detected error signatures is now feasible. Our ELIGOS software is 503 publicly available and can be used to detect possible RNA modification sites and secondary 504 structures quickly, on a global transcriptomic scale. Moreover, ELIGOS can be used as a 505 diagnostics tool to improve the base calling algorithm of nanopore sequencing. We envisage 506 that sequencing of native RNA will become a powerful and versatile tool to advance RNA 507 biology. 508 509
Methods 510

In vitro transcription of luciferase mRNA 511
In vitro transcription (IVT) to produce mRNA of the luciferase gene (L-7602 CleanCap™ 512
Firefly Luciferase, TriLink Biotechnologies, San Diego, CA, USA) was carried out with 513 standard ribonucleotides and with incorporation of 5-methoxyuridine (5moU, TriLink 514 Biotechnology). The produced mRNA containing a poly-A tail was purified using 515
AMPureXP beads (Beckman Coulter, Brea, CA, USA) and eluted using nuclease-free water. 516
Culture conditions and RNA extraction 517
Yeast RNA used for ribosomal RNA was isolated from S. cerevisiae strain S288C grown 518 overnight at 30°C in 15 mL medium containing 10 g/L yeast extract, 20 g/L peptone, and 20 519 g/L glucose. RNA was extracted using the ZymoBIOMICS Quick-RNA Fungal/Bacterial kit 520 (Zymo Research, Irvine, CA, USA) according to the manufacturer's protocol. The yeast poly-521
A RNA used to compare the transcriptome of different culture conditions is the same as 522 previously described 2, 6 . S. cerevisiae strain CEN.PK113-7D was cultivated overnight in 523 minimal medium containing 20 g/L glucose as the carbon source. Cells were harvested during 524 mid-exponential growth on glucose and during late-phase growth, when the cells had 525 switched to aerobic respiration and consumed ethanol due to glucose limitation. The same 526 RNA aliquots were used to produce dcDNA sequences as described below. The data from 527 three independent replicate experiments were used, producing 12 sequence data sets (threeeach for dcDNA-seq and dRNA-seq from either glucose-grown (glu) or glucose-depleted 529
cells (eth)). 530
Escherichia coli strain ATCC 11775 was cultured overnight at 37°C in 25 mL of Luria broth 531 (LB) and following centrifugation the cell pellet was resuspended in 250 µL, to which 750 µL 532 of TRIzol reagent (Life Technologies, Carlsbad, CA, USA) was added. Following incubation 533
for 5 minutes at room temperature, 200 µL of chloroform were added. Phases were mixed by 534 inverting the tube 15 times and then incubated for 10 min. Following centrifugation at 12,000 535
x g for 5 min at 4°C, 400 µL of the aqueous phase was removed and the RNA it contained 536 was cleaned using the Direct Zol kit (Zymo Research). 537
Human cell line KTC-1 (human papillary thyroid cancer cell line) was grown to 85-90% 538 confluence in 10cm dishes in RPMI media supplemented with 10% fetal bovine serum 539 utilizing standard techniques. The cells were rinsed twice with cold, sterile PBS after which 540 700 µl TRIzol reagent (Life Technologies) was added. Following incubation for 5 min at 541 room temperature, the cells were collected and mixed with 700 µl absolute ethanol. RNA 542 isolation was performed with the Direct-Zol RNA mini prep Kit (Zymo Research) as per 543 manufacturer's instructions. Total RNA was eluted in 20µl RNase/DNase free water and 544 stored at -80°C. As most RNA in these samples represented ribosomal RNA, the template was 545 completely sequenced to obtain rRNA reads. 546
The total RNAs for the rRNA experiments were firstly add poly-A using E. coli Poly(A) 547
Polymerase (New England Biolab, UK), following the manufacturer's protocol, then used for 548 sequencing library preparation. 549
Library preparation, dcDNA-Seq and dRNA-Seq by ONT 550 A total of 530~600 ng total yeast RNA was enriched for poly-A RNA by means of oligo(dT) 551 beads and this was used to prepare both libraries. The dcDNA library was produced using the 552 SQK-DCS108 kit (ONT, Oxford, UK) which includes an RT step but no amplification step. 553 RNA was then converted to double strand DNA, after which ligation of the adaptor attached 554 the motor protein (Supplementary Figure S8) . The library was loaded directly onto a flow cell 555 for sequencing using a MinION Mk1B. Preparation of the library for dRNA-seq, SQK-556 RNA001 was used, only required an RNA stabilization step by formation of DNA-RNA 557 hybrids through reverse transcription. After this, the motor protein was attached to the RNA 558 strands specifically. Each library was loaded onto a flow cell for a 48 hours sequencing run 559 lasting. Direct sequencing of the poly-A RNA (dRNA) was performed on a single R9.5/FLO-560 MIN107 flow cell. 561
Bioinformatics and statistical analysis 562
Data processing and mapping of reads: The ONT raw data (.fast5 files) generated by 563
MinKnow software (version 1.7.14) were converted to basecalled .fastq files using the local-564 based software Albacore version 2.1.3. This step automatically classifies failed and passed 565 reads based on a specific cut-off for mean quality scores of 7 and only reads >200 bases were 566 included. The ONT reads in standard fastq format were aligned to the reference sequences 567 using Minimap2 to generate a BAM file. The dRNA reads were converted to DNA sequences 568 and reverse complement sequences of dcDNA reads were generated before alignments. For 569 analysis of mapping results of yeast, we employed SAMtools (version 1.6) to investigate the 570 BAM files and to classify sequence reads into categories of mapped, unmapped, chimeric and 571 other reads based on standard CIGAR string information. 572
Comparative errors analysis and development of ELIGOS software: The ELIGOS software 573 was developed to compare the error signals between dRNA and dcDNA/cDNA sequences. 574
The percentage of errors at a specific base (%ESB) is defined as the percentage of the sum of 575 substitutions, insertions and deletions of individual positions over total mapped reads 576 obtained from read alignment results based on the reference sequence. Each pair of BAM 577 files, together with reference sequences and transcript annotation files in bed12 format, was 578 used as the input of the ELIGOS software. The calculations of %ESB through the pysam 579 module and the statistical tests (explained below) by R were performed using individual base 580 positions of transcripts over the reference sequences with multithread parallelization 581 architecture. The software was then applied to the rRNA and the mRNA sequencing datasets. 582 ELIGOS is written in python and is available at https://bitbucket.org/piroonj/eligos.git. 583
The difference of the %ESB between dRNA and dcDNA sequences of identical positions in 584 the reference sequences were evaluated using either Fisher's exact test for a single 2×2 585 consistency table (one biological replicate) or Cochran-Mantel-Haenszel test for multiple 586 (more than one biological replicate) 2×2 consistency tables of independence. The statistical p-587 values were further adjusted for multiple testing using the Benjamini-Hogberg method. The 588 adjusted p-values <1e -50 and odds ratios (errors presented in dRNA sequence over errors 589 presented in dcDNA sequence) ≥2 were used as cut-offs to reject the null hypothesis that the 590 errors at the individual base of dRNA and dDNA sequences were equal. Furthermore, a cut-591 off of ≥25% ESB in dRNA sequence was used as additional filter to remove noise due to the 592 error-prone long reads as illustrated in Figure 1A . Some interesting regions were explored at 593 the signal-level through the re-squiggle signal approach using Tombo software version 1.4 594 (https://github.com/nanoporetech/tombo.git).
For ribosomal RNA investigations, the fastq files were aligned onto a reference genome 596 sequence (for S. cerevisiae: NR_132209.1, NR_132215.1, NR_132213.1, and NR_132211.1 597 combined; for E. coli: positions 232785-23568, 1046691-1048228 and 232576-232686 from 598 NZ_KK583188.1; and for H. sapiens NR_023363.1, NR_003287.4, NR_146119.1 and 599 NR_145819.1 combined) using minimap2 software 44 to obtain BAM files of the sequences. 600
Evaluation of mRNA sequencing characteristics: The yeast dRNA reads from strain 601 CEN.PK113-7D were downloaded from the SRA database (accession number SRP116559), 602 and after generation from the same sample aliquots, the corresponding dcDNA reads. The 603 sequence reads from yeast strain DBY746 grown in YPD were downloaded from BioSample 604 SAMN07688322 5 . A fourth dataset was added which consisted of mRNA isolated from 605 human cell line, GM12878, which is part of the publicly available Oxford Nanopore Human 606
Reference Dataset (https://github.com/nanopore-wgs-607 consortium/NA12878/blob/master/RNA.md) under creative license 4.0 8 . All data generated 608 in this study were deposited in the SRA database (accession number SRP166020). 609
Differential gene expression evaluation:
We followed the workflow to analyze differential 610 gene expression of yeast transcripts as previously described previously 6 . In brief, the read 611 count table of individual transcripts for the dcDNA and dRNA sequences were generated 612 using Bedtools version 2
45
. We then employed the DESeq2 package 46 to calculate adjusted 613 p-values of individual transcripts between the two compared growth conditions. 614
Consequently, functional gene enrichment analysis based on GO annotation was performed 615 using the PIANO package 47 . 616
De novo motif discovery: The sequences of 20 bases surrounding the differential %ESB of all 617 A, T, C, or G positions identified by ELIGOS were extracted based on the reference sequence 618 and these four separate datasets were analyzed using XXmotif software 48 to identify 619 conserved motifs. The selected results of common motifs across the four experimental 620 datasets are illustrated as logo plots with e-values and percent occurrence. 621 Figure 4B . Statistical analysis of gene-set enrichment was performed 634 under PIANO package and shown in Figures 4C, D . Student's t-test was used in Figures 1A,  635 2A to compare populations of %ESB between dRNA and dcDNA. Wilcoxon signed-rank 636 sum tests were employed to test the difference of means between two considered populations 637
Genomic locations of loci and transcripts comparison:
in Figure 1F , to compare %ESB between of the five artifactual triplets among dRNA O , 638 dRNA U and dcDNA. Statistical significance of reported comparisons between methylation 639 predictions and published experimental results of rRNA were calculated using 640 hypergeometric test to reject the null hypothesis that the findings were produced by random 641 events. The statistical analyses were performed using the R suite software. 642
